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El ob etivo de este traba o es la evaluación y optimi ación del an lisis bioinform tico de los 
datos generados por secuenciación masiva ( S) aplicada al diagnóstico de enfermedades raras 
(EE ).  
Las enfermedades raras (a uellas con un ratio de incidencia inferior a 1 de cada 2.000 
personas), suponen, en su con unto, un problema de primera magnitud para los sistemas 
sanitarios de todo el mundo, puesto ue su prevalencia combinada es similar a la de algunas 
enfermedades m s comunes como la diabetes (se estima ue 1 de cada 7 personas desarrollar n 
una enfermedad rara a lo largo de su vida). El ec o de ue el espectro fenot pico de estas 
enfermedades sea enormemente amplio, sumado a ue los cuadros cl nicos (en el caso por 
e emplo de las enfermedades con afectación neurológica) son altamente solapantes, ace ue 
su diagnóstico sea especialmente complicado y se retrase en el tiempo durante a os. Esto 
conlleva muc o sufrimiento para pacientes y familias, una sobrecarga del sistema de salud y la 
incapacidad de proporcionar un diagnóstico genético adecuado en tiempo y forma. Cuando no 
e ist a la tecnolog a S, el an lisis genético era el último paso en el proceso diagnóstico de 
este tipo de enfermedades. urante este proceso, ue abitualmente duraba a os, se somet a al 
paciente a numerosas pruebas funcionales, bio u micas, de imagen, anatomo-patológicas, etc. 
En base a los s ntomas cl nicos y los alla gos en estas pruebas se interrogaban uno o varios 
genes consecutivamente sin alcan ar, en la mayor parte de los casos, un diagnostico etiológico 
definitivo.  
La aparición de la S con su enorme potencia tiene la capacidad de modificar los 
protocolos diagnósticos. Esta erramienta permite el an lisis simult neo de miles de genes, 
incluso de todo el genoma, en un corto per odo de tiempo, y a un precio ra onable, convirtiendo 
as  al an lisis genético en un test apto para ser considerado prueba de primera l nea en el estudio 
de las enfermedades sospec osas de tener una base genética. Sin embargo, esta potencia tiene 
una contrapartida: la ingente cantidad de datos generados por la S supone un importante 
reto a la ora de filtrar y anali ar los resultados. Este proceso, unto con la falta de personal 
entrenado y preparado para abordar estos comple os problemas, constituye en la actualidad el 
cuello de botella a la ora de aplicar estas nuevas tecnolog as al campo de la cl nica. 
En la S, el genoma es fragmentado de manera aleatoria en pe ue os tro os ue son 
amplificados y secuenciados (le dos) en paralelo por las plataformas de secuenciación. Esto da 
lugar a millones de lecturas ue tienen ue ser posteriormente alineadas contra el genoma de 
referencia (alineamiento). dem s de ser capaces de procesar esta inmensa cantidad de datos 
de manera óptima, los programas de alineamiento deben enfrentarse a dos grandes retos: (1) las 
posibles diferencias entre la secuencia le da en el paciente y la región del genoma de referencia 
(diferencias ue pueden ser producidas por la propia variabilidad interindividual o por la 
e istencia de variantes poblacionales, o incluso por los errores intr nsecos propios de cada 
plataforma), y (2) la presencia de secuencias repetitivas a lo largo del genoma. Estas regiones 
repetitivas ( ue suponen cerca de la mitad del  umano) pueden producir ambig edad en 
el alineamiento, aciendo ue los programas no puedan identificar con claridad el origen de la 
lectura. s , los alineadores tienen ue conseguir un e uilibrio entre ser lo suficientemente 
permisivos como para poder alinear lecturas con pe ue as variaciones respecto del genoma de 
referencia, y lo suficientemente estrictos como para poder asignar un vocamente cada lectura a 
su posición original.  







na ve  las lecturas se encuentran alineadas, se procede a la detección de variantes, es 
decir, identificar las diferencias ue e isten entre el genoma del paciente secuenciado y el 
genoma de referencia. En este traba o, las agrupamos en tres grandes grupos, según su efecto 
sobre el genoma y la forma de detectarlas: (1) las variantes puntuales (S s por sus siglas en 
inglés single nucleotide variants) y las pe ue as deleciones e inserciones (I ELs), (2) las 
variantes en el número de copias (C s copy number variants), y (3) las variantes de 
reordenamiento (inversiones, translocaciones, y grandes inserciones de novo). 
E isten tres grandes apro imaciones actualmente basadas en la tecnolog a S: los 
llamados paneles génicos , en los ue se secuencian en paralelo las onas codificantes 
(e ones) de una lista de genes (generalmente agrupados en función del fenotipo con el ue estén 
relacionados)  la secuenciación del e oma completo ( ES), en el ue se secuencian todas las 
regiones codificantes conocidas presentes en el genoma umano  y, por último, la secuenciación 
del genoma completo ( S).  pesar de ue el an lisis S es muc o m s completo (permite 
identificar variantes no detectables con las otras dos apro imaciones, como las variantes de 
reordenamiento o las variantes ue no se encuentran en regiones codificantes), y los resultados 
obtenidos son generalmente m s omogéneos (la distribución de las lecturas es muc o m s 
uniforme), las dos primeras técnicas, englobadas ba o el término de secuenciación dirigida, son 
las m s abituales en la pr ctica cl nica, dado ue suponen un menor coste ue la S, y los 
datos obtenidos son muc o m s mane ables y f ciles de interpretar. ado ue el ob etivo del 
presente estudio es la aplicación de la S al diagnóstico de EE , nos emos centrado en el 
an lisis de datos procedentes de secuenciación dirigida. Las variantes detectables mediante 
secuenciación dirigida son las S s e I ELs, y los C s situados en regiones codificantes 
(a uellos ue contienen 1 o m s e ones de un gen o varios genes).  
Las S s son las variantes m s sencillas de detectar (se trata simplemente de la 
substitución de un nucleótido por otro), y e isten numerosas erramientas para su 
identificación. Por su parte, la detección de I ELs es m s comple a, dado ue su presencia 
supone una dificultad a adida para los programas de alineamiento (faltan o sobran nucleótidos 
de la secuencia de referencia). Sin embargo, el mayor reto ue suponen ambos tipos de variantes 
es determinar su posible implicación con la enfermedad. Este proceso se conoce comúnmente 
como priori ación de variantes y consiste en identificar, de toda la larga lista de variantes 
detectadas en el genoma de un paciente, las ue m s probablemente puedan estar implicadas en 
el fenotipo cl nico a estudio. El primer paso en la priori ación de variantes es filtrar las variantes 
comunes (con una frecuencia en bases de datos públicas superior al 1 , o incluso al 0,5 ), 
puesto ue esas frecuencias son incompatibles con la incidencia de las EE . El siguiente paso 
es evaluar el impacto ue pueden llegar a tener según el tipo de variante (missense, nonsense, 
splicing, frameshift, etc.) y la posición genómica en la ue se encuentran. Para ello e isten 
numerosas erramientas bioinform ticas ue permiten la evaluación in silico de su impacto 
funcional. Estas pautas son una pr ctica común en el an lisis de datos S, pero un paso 
imprescindible y no tan común en la priori ación de variantes es la evaluación de la tolerancia 
de cada gen a las variantes missense (la tolerancia mutacional). uestra e periencia a lo largo 
de estos a os en la aplicación de la S al diagnóstico de EE  es ue algunos genes admiten 
una o incluso varias variantes missense raras sin ue ello de lugar a ningún tipo de patolog a, 
mientras ue en otros la presencia de una única variante puede ser catastrófica y determina un 
fenotipo cl nico enormemente grave. Esto uiere decir ue la selección purificadora negativa 
es muc o m s fuerte para unos genes ue para otros. na forma de valorar la sensibilidad de 
cada gen a la variación es observando su número de variantes missense poblacionales frente a 
la suma de variantes totales (sinónimas  missense) de dic o gen. El ratio missense / 
missense sinónimas nos da una idea de lo conservado ue debe estar ese gen para ue sea 
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funcional y de la selección negativa a la ue est  sometido. Cuando el ratio es muy alto implica 
ue no e iste una gran fuer a conservadora actuando para ue la secuencia aminoac dica de la 
prote na permane ca inalterable. Cuanto m s ba o es el ratio indica ue la fuer a ue actúa para 
conservar la secuencia original es m s fuerte en ese gen, e implica ue cual uier cambio puede 
afectar seriamente a la funcionalidad de la prote na codificada. Para evaluar dic a tolerancia 
mutacional, emos aplicado el método propuesto por Petrovs i y colaboradores (Petrovs i et 
al. 2013) a las variantes comunes de 5  muestras de individuos con ascendencia europea 
e tra das del Proyecto 1000 enomas presentes en 1. 70 genes relacionados con EE  
neurológicas y metabólicas. Para cada gen, emos obtenido un -score definido como el residuo 
estudenti ado obtenido a partir de la regresión del número total de variantes missense comunes 
(con frecuencia 0.5 ) contra el número total de variantes missense y sinónimas comunes 
presentes en cada gen. n -score en torno a cero indica ue el gen tiene el número esperado 
de variantes missense dado su tasa mutacional. Los genes con un -score negativo son a uellos 
ue tienen menos variantes missense de las esperadas, es decir, son genes muy conservados en 
los ue la evolución elimina cual uier variante por ue afecta a la funcionalidad de la prote na 
codificada por el gen, y por lo tanto menos tolerantes a la presencia de estas variantes. Por su 
parte, los valores positivos de -score pertenecen a los genes m s tolerantes a las variaciones 
missense, es decir, a los menos conservados. s , este par metro permite identificar los genes 
en los ue la presencia de variantes missense tienen una mayor probabilidad de resultar 
deletéreas. Sin embargo, la probabilidad de detectar variantes raras missense en un gen también 
depende de su tama o, dado ue a mayor número de bases nucleot dicas de un fragmento mayor 
es la probabilidad de ue se produ ca una mutación de manera aleatoria. Por lo tanto, adem s 
del par metro de tolerancia mutacional, también es importante estimar la probabilidad de 
detección de variantes raras en el gen utili ando muestras control. Para ello, utili ando las 
mismas muestras ue para el c lculo del -score, calculamos la probabilidad de detectar una 
(en el caso de genes con erencia dominante o ligados al cromosoma ) o dos (en el caso de 
genes con erencia recesiva) variantes raras en cada gen según una distribución de Poisson de 
par metro l igual a la frecuencia de una/dos variantes raras ( 0.5 ) en dic o gen. s , vemos 
ue, en genes bien conservados, la probabilidad de contener variantes raras puede encontrarse 
en el mismo rango ue en genes poco conservados debido al gran tama o de dic os genes. Por 
lo tanto, es fundamental tener en cuenta estos dos par metros a la ora de priori ar variantes. 
La conservación espec fica del nucleótido donde se produce el cambio también es de vital 
importancia, dado ue, si una variante missense con un alto impacto funcional teórico se 
encuentra situada en una región muy poco conservada dentro del gen, es muy posible ue dic a 
variante no sea patogénica. ay programas espec ficos para determinar la conservación de un 
nucleótido a lo largo de la evolución ( E P, SIF ). tro aspecto crucial es tener en cuenta 
la ar uitectura mutacional del gen en el ue se encuentran las variantes. Para algunos genes la 
presencia de incluso varias variantes missense no supone un problema, ya ue solamente las 
variantes de truncamiento pueden afectar a la funcionalidad del mismo, como por e emplo en 
el caso del gen  o de . En otros casos, sin embargo, las variantes de truncamiento 
son menos deletéreas ue las missense  por e emplo, en el gen  las variantes de 
truncamiento dan lugar a fenotipos muc o menos severos ue las variantes missense. E isten 
genes (como  o ) en los ue la posición relativa de la variante dentro del gen, as  
como el tipo de variante (truncamiento vs missense), pueden dar lugar a fenotipos diferentes.  
na ve  evaluadas todas estas caracter sticas, y priori adas las variantes m s 
probablemente relacionadas con el fenotipo del paciente, el último paso en el estudio de 
enfermedades de erencia dominante o ligada al  es determinar si las variantes son de novo. 
ado ue estas variantes no an estado su etas a selección negativa, son las m s probablemente 







patogénicas. Por supuesto, en el caso de enfermedades recesivas es imprescindible si 
encontramos dos variantes determinar ue est n en cromosomas opuestos. Por ello, el estudio 
familiar de las variantes priori adas en los pacientes es esencial para una correcta interpretación 
de los resultados de un an lisis S. 
Los C s son variantes ue an sido implicadas en multitud de EE  y en las 
enfermedades del neurodesarrollo en particular (epilepsia, autismo, es ui ofrenia, discapacidad 
intelectual, ...). Sin embargo, este tipo de variantes an sido (y continúan siendo) infra-
detectadas, especialmente las de menor tama o, debido a ue en el pasado la secuenciación 
cl sica era insensible a ellas y las tecnolog as utili adas para su detección a gran escala (la 
ibridación genómica comparativa o  array, y los arrays de S Ps) únicamente permit an 
identificar C s de un tama o superior a 30 b. s , los C s de entre 1-30 b, ue parecen 
estar asociados a numerosas patolog as y enfermedades, an sido infra-detectados de forma 
sistem tica a menos ue se buscasen espec ficamente en un gen concreto con metodolog as 
como el MLP  o PC  en tiempo real.   
La aparición de la S tra o consigo la capacidad de detectar C s de menor tama o, 
pero no e ist an erramientas bioinform ticas adecuadas para su detección, y su uso re uer a 
de e pertos en bioinform tica ue no est n presentes en muc os centros de diagnóstico 
molecular.  
Los métodos para la detección de C s a partir de datos S var an según se estén 
anali ando datos de secuenciación dirigida o del genoma completo. Mientras para la detección 
de C s en S e isten múltiples erramientas, el número de ellas desarrolladas para 
secuenciación dirigida es muc o menor (aun ue a aumentado considerablemente en los 
últimos a os). La mayor parte de estas erramientas se basan en la comparación de los patrones 
de profundidad de cobertura entre la muestra a estudiar y un con unto de muestras control. La 
principal diferencia entre los distintos métodos radica en la modeli ación estad stica en la ue 
se basan (modelos ocultos de Mar ov, de Poisson, binomial negativa, etc.), y en el proceso de 
filtrado ue aplican para reducir el número de falsos positivos. Cuando nos planteamos elegir 
una de estas erramientas para la gestión de nuestros datos nos encontramos con ue el mayor 
ndicap para poder evaluar dic as erramientas era conseguir el suficiente número de muestras 
para utili ar como controles positivos de C s. Por ello, nos planteamos crear una amplia base 
de datos de muestras generadas artificialmente con C s de diferente tama o y en diferentes 
posiciones.  la ora de elegir los programas para la simulación de datos artificiales, tuvimos 
en cuenta varias cosas. En primer lugar, la mayor parte de las erramientas de simulación 
e istentes fueron creadas para imitar datos de S, y no son v lidas para generar datos 
artificiales ue simulen datos de secuenciación dirigida. tro aspecto importante es ue, en 
general, estas erramientas se dividen entre las ue generan lecturas artificiales y las ue 
permiten introducir variantes en dic as lecturas. dem s, como los principales problemas 
asociados a la detección de estas variantes son los sesgos generados por el contenido C, la 
presencia de secuencias repetitivas, el tipo de secuenciador utili ado, etc., es importante elegir 
un simulador de datos S ue pueda reproducir esta variabilidad. eniendo en cuenta estas 
limitaciones, concluimos ue la apro imación óptima era utili ar essim (S. im, eong, and 
afna 2013) para la generación de lecturas simuladas ue imiten las generadas en secuenciación 
dirigida, y S Sim ( arten agen and ugas 2013) para la introducción de C s en dic as 
lecturas. Con la combinación de ambas erramientas generamos 320 muestras simuladas con 
C s introducidos artificialmente (adem s de 20 muestras sin C s para ser utili adas como 
controles negativos), a dos profundidades medias de cobertura diferentes (50  y 300 ). 
Introdu imos duplicaciones y deleciones (tanto en eterocigosis como en omocigosis) de 
diferentes tama os y en diferentes combinaciones. Con esta amplia base de datos S generada 
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artificialmente, comparamos el rendimiento de 12 programas desarrollados para traba ar con 
datos de secuenciación dirigida: E omeC  (Sat irapongsasuti et al. 2011), E omeCopy 
(Love et al. 2011), C  ( . Li et al. 2012), E ome ept  (Plagnol et al. 2012), C IFE  
( rumm et al. 2012), C ES ( ac enrot  et al. 2014), C E  ( iang et al. 2015), 
CL MMS (Pac er et al. 201 ), Co a I  ( o ansson et al. 201 ), ECo  (Fo ler et al. 
201 ), C it ( alevic  et al. 201 ), y Se C  (C en et al. 2017). e los resultados 
obtenidos, sacamos las siguientes conclusiones: la primera fue ue todas las erramientas 
mostraban un me or rendimiento con mayores profundidades de cobertura media, lo ue era de 
esperar, dado ue una menor cobertura media implica un mayor número de onas con poca 
profundidad de cobertura en las ue la pérdida o ganancia de cobertura producida por deleciones 
o duplicaciones es similar a la variación generada por el ruido de fondo. La segunda conclusión 
fue ue, en general, las deleciones son m s sencillas de detectar ue las duplicaciones, lo ue 
también era de esperar de forma intuitiva, dado ue la diferencia de coberturas es m s sutil en 
las duplicaciones ue en las deleciones. tra conclusión fue ue los C s ue contienen un 
mayor número de e ones son, en general, m s f ciles de detectar ue los de tama o m s 
reducido. Esto también era esperable, dado ue cuanto mayor sea un C  m s dif cil es ue la 
diferencia en la profundidad de cobertura se pueda confundir con ruido de fondo. Encontramos 
ue las erramientas ue me ores resultados obtuvieron fueron ECo , E ome ept , 
E omeC , C ES y Co a I . Sin embargo, dado ue ninguna de ellas consiguió un 
100  de sensibilidad, uisimos identificar cu l ser a la combinación óptima para conseguir 
eliminar los falsos negativos. uestra apro imación fue la de clasificar una región como C  
si al menos tres erramientas diferentes la categori aban como tal. Los resultados obtenidos 
fueron bastante decepcionantes: para conseguir detectar todos los C s de las muestras 
simuladas, fue necesario combinar los resultados de al menos  erramientas diferentes, lo ue 
supone un incremento considerable del tiempo y del coste computacional del an lisis. Cabe 
resaltar ue las muestras artificiales no pueden reproducir al 100  la comple idad de las 
muestras reales, por lo ue estos resultados no son directamente e trapolables al an lisis real  
para lo ue sirven es para identificar las tendencias generales ( ué erramientas detectan me or 
ué tipo de C , cu les tienen menor número de falsos positivos, etc.). 
 la vista de las carencias ue ten an las erramientas e istentes para la detección de estas 
variantes, decidimos desarrollar un programa de detección de C s enfocado en anali ar datos 
de paneles génicos, y ue fuese especialmente sensible a los C s de menor tama o (a uellos 
ue contengan un único e ón). Para ello, reali amos primero un an lisis e austivo de las 
posibles causas de variabilidad en los patrones de cobertura entre las muestras generadas en los 
an lisis de secuenciación dirigida. Los resultados confirmaban algunos de los ya publicados: el 
contenido C, la variabilidad técnica en la preparación de librer as y la secuenciación, las 
modificaciones en el dise o de paneles génicos, la integridad inicial del  etc., son factores 
ue implican importantes cambios en la omogeneidad del perfil de cobertura entre muestras. 
Por lo tanto, a la ora de obtener resultados fiables con los programas basados en la 
comparación de patrones de cobertura, es crucial ma imi ar la omogeneidad entre las 
muestras. Esto se puede conseguir procesando las muestras en paralelo y de la misma forma, y 
ma imi ando la profundidad de cobertura media para aumentar la cobertura de las onas con 
alto contenido C. 
El algoritmo de detección ue desarrollamos (Patt ec) aplica una normali ación diferente 
dependiendo de si se est n anali ando e ones o genes completos. En el caso de e ones, el 
método utili ado es el siguiente: para cada nucleótido, la profundidad de cobertura se divide 
por la cobertura m ima del gen ue lo contiene. Para evitar seleccionar erróneamente una 
duplicación como valor m imo, desarrollamos una subrutina para cada gen combinando la 







prueba de C i-cuadrado para la detección de valores at picos y el algoritmo de agrupamiento 
de las means. na ve  calculado el m imo, se calcula para cada nucleótido su log-ratio:  
 




donde: ."$/0"1((&34&) y ."$/0"1((1".&) representan las coberturas normali adas del test 
y del control (o de la media de los controles en el caso de ue aya m s de uno) en el nucleótido 
, respectivamente. Estos log-ratios siguen una distribución normal 7(89:;<, >?), donde 89:;< 
es la media de todos los log-ratios del e ón, y >?  es la desviación t pica de todos los log-ratios 
del gen. Los C s adyacentes del mismo tipo con un p-valor inferior a 0,05 y un porcenta e de 
subida/ba ada similar se concatenan en una única región. El p-valor resultante es una 
modificación del método de Fis er para la combinación de probabilidades (corregido para 
pruebas dependientes, como est  implementado en el pa uete de  pool ). Para reducir el 
número de falsos positivos, acemos la regresión lineal de la cobertura media del test sobre la 
cobertura media normali ada del control para e ón, y cada p-valor es penali ado en función de 
su distancia a los valores a ustados. Por último, aplicamos la corrección de en amini- oc berg 
o la de onferroni en función del número de resultados obtenidos. En el arc ivo de salida se 
reportan los C s ue tengan un p-valor 0,05 y un porcenta e de subida/ba ada superior al 
35  para deleciones y al 30  para duplicaciones (par metros a ustables por el usuario). Para 
el an lisis de genes completos se aplica el mismo método (a e cepción de la penali ación 
mediante la regresión), utili ando en este caso la siguiente normali ación: si la muestra es de 
se o femenino, la cobertura de cada nucleótido del gen se divide por la cobertura media global 
de la muestra. Si es de se o masculino, los genes autosómicos se dividen por la cobertura media 
global de dic os genes, y los genes del cromosoma  se dividen por la media de dic o 
cromosoma.  
na ve  optimi ado Patt ec, comparamos su rendimiento con el de  erramientas de 
detección de C s (E ome ept , E omeCopy, E omeC , C , C E , CL MMS, 
Se C  y C it), utili ando tanto datos de muestras con C s cedidas por otros 
laboratorios y secuenciadas de manera óptima (ma imi ando profundidad de cobertura, 
secuenciando al mismo tiempo test y controles, etc.), como datos de muestras de acceso libre 
(del Proyecto 1000 enomas). En el caso de las muestras con C s reales secuenciadas en 
nuestro laboratorio, las erramientas con mayor sensibilidad fueron Patt ec y E omeC , 
seguidas de E ome ept  y C it, mientras ue las muestras con mayor especificidad fueron 
Patt ec, E ome ept  y C , en ese orden. Los resultados obtenidos con las muestras del 
Proyecto 1000 enomas fueron muc o peores (tanto en términos de sensibilidad como de 
especificidad), seguramente debido a la poca uniformidad e istente entre los patrones de 
cobertura de las muestras (la media de correlación entre las profundidades de cobertura globales 
era inferior a 0,5), lo ue resalta la importancia de minimi ar la variabilidad en los patrones de 
cobertura entre la muestra a estudiar y los controles utili ados. 
En nuestro primer manuscrito e plicamos cómo siguiendo estas pautas, la lista de variantes 
raras detectadas puede restringirse de forma muc o m s óptima a las ue tienen m s 
probabilidades de estar implicado en el fenotipo cl nico del paciente, evitando en algunos casos 
la necesidad de reali ar estudios funcionales ue implican muc o tiempo y coste. En nuestro 
segundo manuscrito describimos una forma de generar datos S artificiales e introducir 
C s en ellos ue permite evaluar el rendimiento de las erramientas e istentes para la 
detección de C s. Con ellos comparamos 12 erramientas de detección de C s, evaluando 
los puntos fuertes y débiles de cada una. En el último manuscrito, presentamos un programa 
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para la detección de C s, dise ado espec ficamente para traba ar con datos de paneles 
génicos, de f cil uso para laboratorios sin gran e periencia en bioinform tica y especialmente 
sensible a los pe ue os C s, y emos comparado su rendimiento con el de otros programas 
e istentes.  
En resumen, con estos tres traba os emos pretendido optimi ar al m imo el diagnóstico 
de las EE  mediante el uso de secuenciación dirigida. Somos conscientes de ue uedan 
muc as lagunas ue cubrir en el diagnóstico de EE , como la detección fiable de 
mosaicismos, la detección de variantes fuera de regiones codificantes, el an lisis de 
enfermedades atendiendo a su posible origen oligogénico, o las variantes de reordenamiento. 
Estos problemas ser n abordados en el futuro inmediato, mediante la aplicación de la S al 





e main goal of t is t esis as to evaluate and optimi e t e bioinformatic analysis of data 
generated by ne t generation se uencing ( S) tec nologies to facilitate t e diagnosis of rare 
diseases ( s). 
s (diseases t at affect fe er t an 1 in 2,000 people) constitute a ma or problem for 
ealt  systems around t e orld, it  a combined prevalence comparable to t at of more 
common diseases suc  as diabetes. Indeed, it is estimated t at 1 in 7 people ill develop a  
t roug out t eir lives. e very broad p enotypic spectrum of t ese diseases, toget er it  t e 
significant overlap in clinical presentations (e g  diseases it  neurological involvement) ma e 
diagnosis especially comple  and time-consuming. e inability to provide patients it  a 
timely genetic diagnosis results in protracted suffering for t em and t eir families, as ell as 
overload of ealt  systems. efore t e emergence of S tec nologies genetic analysis as 
considered t e final step in t e diagnostic process in  patients. uring t is process, ic  
usually lasted years, patients ould undergo multiple tests (functional, bioc emical, imaging, 
anatomic-pat ological, etc.). ased on t e results obtained and t e patient s clinical signs, 
individuals it  suspected genetic disorders ere referred for analysis of a candidate gene by 
classical se uencing. In most cases t is approac  failed to establis  a definitive etiological 
diagnosis. 
S as important implications for t e future of  diagnosis. is tool allo s rapid, cost 
effective, simultaneous analysis of t ousands of genes, or even t e entire genome, and as t e 
potential to ma e genetic analysis a first-line test in t e study of diseases it  a suspected 
genetic component. o ever, users of S are faced it  a ne  c allenge: t e uge amount 
of data generated poses ma or difficulties in en filtering and analy ing t e results. is 
dra bac , toget er it  t e lac  of ade uately trained personnel re uired to address t ese 
comple  problems, as led to a bottlenec  limiting t e clinical application of t ese ne  
tec nologies. 
In S t e genome is randomly fragmented into small pieces t at are amplified and 
se uenced (read) in parallel by se uencing platforms. is results in millions of reads t at must 
be subse uently aligned against a reference genome. lignment programs must be capable of 
optimally processing uge amounts of data and addressing t o ey c allenges: (1) possible 
differences t at arise bet een t e patient s se uence and t e corresponding region in t e 
reference genome (due to inter-individual variability, t e e istence of population variants, or 
error intrinsic to a given platform)  and (2) t e presence of repetitive se uences t roug out t e 
genome. ese repetitive regions ( ic  account for appro imately alf of all uman ) 
can lead to ambiguities in t e alignment data, indering clear identification of t e origin of t e 
read. Se uence alignment tools must t erefore stri e a balance bet een being sufficiently 
permissive to ensure alignment of reads it  small variations it  respect to t e reference 
genome, and being strict enoug  to be able to uni uely assign eac  read to its original position. 
nce reads are aligned, t e ne t step is variant detection, i e  identification of differences 
bet een t e patient s se uenced genome and t e reference genome. ariants can be clustered 
into t ree main types according to t eir effect on t e genome and t e manner in ic  t ey are 
detected: (1) single nucleotide variants (S s) and small deletions and insertions (I ELs)  
(2) copy number variants (C s)  and (3) rearrangement variants (inversions, translocations, 
and large de novo insertions). 







ree ma or S-based approac es are currently used: so-called gene panels , in ic  
t e coding areas (e ons) of a list of genes are se uenced in parallel (usually grouped according 
to t e p enotype it  ic  t ey are related)  ole-e ome se uencing ( ES), in ic  all 
no n coding regions present in t e uman genome are se uenced  and ole-genome 
se uencing ( S). S enables t e most complete analysis, allo ing identification of 
variants t at cannot be detected using t e ot er t o approac es (e g  rearrangement variants 
and variants located outside of coding regions) and t e results obtained are generally more 
omogeneous (read distribution is muc  more uniform). onet eless, t e first t o tec ni ues, 
encompassed under t e term targeted se uencing , are t e most common in clinical practice: 
t ey are less costly t an S and t e data obtained is muc  more manageable and easier to 
interpret. Since t e ob ective of t is study as to apply S to t e diagnosis of s, e ave 
focused on t e analysis of data produced by targeted se uencing approac es. e variants 
detectable by targeted se uencing are S s and I ELs, and C s located in coding regions 
(t ose t at contain 1 or more e ons of a gene or several genes). 
S s are t e result of t e substitution of one nucleotide for anot er. ey are t erefore t e 
simplest type of variant to detect, and t ere are a range of tools available t at do so effectively. 
y contrast, t e detection of I ELs is more comple : t eir presence results in an e cess or 
deficit of nucleotides it  respect to t e reference se uence, creating added difficulties for 
alignment programs. o ever, for bot  S s and I ELs t e greatest c allenge is 
determining t eir possible involvement in t e patient s disease. is process is commonly 
no n as variant prioriti ation and consists of identifying, from t e entire list of variants 
detected in t e patient s genome, t ose most li ely implicated in t e clinical p enotype under 
study. e first step in prioriti ing variants is to filter common variants (t ose it  a fre uency 
1  in public databases, or even 0.5 ): t ese fre uencies are incompatible it  t e incidence 
of . e ne t step is to evaluate t e impact according to t e type of variant (missense, 
nonsense, splicing, frames ift, etc.) and its genomic position. ere are numerous 
bioinformatics tools t at enable in silico evaluation of a variant s functional impact. ile t ese 
are basic steps in t e analysis of S data, anot er essential but less commonly performed tas  
is to prioriti e variants according to t e tolerance of t e gene to missense variants (mutational 
tolerance). In our e perience over several years of applying S to  diagnosis, some genes 
can tolerate one or even several rare missense variants it  no pat ological conse uences, 
ile in ot ers t e presence of a single variant can be catastrop ic and give rise to a very severe 
clinical p enotype. is implies t at t e negative purifying selection is muc  stronger for some 
genes t an for ot ers. ne ay of assessing a gene s sensitivity to variation is to compare t e 
number of population missense variants for eac  gene it  t e sum of all variants (synonymous 
 missense) in t at gene. e missense / missense  synonymous ratio provides an indication 
of o  conserved a gene must be in order to remain functional and t e level of negative 
selection to ic  it is sub ected.  ig  ratio implies t at t e gene is not sub ected to a ig  
level of conservative force, and t erefore t e amino acid se uence of t e encoded protein 
remains unc anged.  lo er ratio indicates t at t e gene is sub ected to strong forces acting to 
conserve its original se uence, and implies t at any c ange can seriously affect t e functionality 
of t e encoded protein. o evaluate mutational tolerance, e applied t e met od proposed by 
Petrovs i et al. (Petrovs i et al. 2013) to common variants in 1, 70 genes implicated in rare 
neurological and metabolic diseases in 5  individuals it  European ancestry. ese data 
ere e tracted from t e 1000 enomes Pro ect. For eac  gene, e calculated a -score, defined 
as t e studenti ed residual obtained by regression of t e total number of common missense 
variants (fre uency  0.5 ) against t e total number of common missense and common 
synonymous variants present in eac  gene.  -score value close to ero indicates t at t e gene 
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arbors t e e pected number of missense variants given its mutational rate. enes it  a 
negative -score are t ose it  fe er t an e pected missense variants. ese are ig ly 
conserved genes t at are less tolerant of t e presence of t ese variants: evolution eliminates any 
variant o ing to its effect on t e functionality of t e encoded protein. Conversely, a positive -
score indicates a less conserved gene, ic  is tolerant of missense variations. is parameter 
allo s identification of genes in ic  t e presence of missense variants is more li ely to be 
deleterious. o ever, t e probability of detecting rare missense variants in a gene also depends 
on its si e: t e greater t e number of nucleotide bases in a fragment, t e greater t e probability 
t at a mutation ill randomly occur. erefore, in addition to evaluating mutational tolerance 
it is also important to estimate t e probability of detecting rare variants in t e gene using control 
samples. o do t is, using t e same samples as for -score calculation, e determined t e 
probability of detecting 1 (in t e case of dominantly in erited or -lin ed genes) or 2 (in t e 
case of recessively in erited genes) rare variants in eac  gene according to a Poisson 
distribution of parameter l e ual to t e fre uency of 1 or 2 rare variants ( 0.5 ) in t at gene. 
e found t at after accounting for gene si e t e probability of t e presence of a rare variant 
can be similar in ig ly conserved and poorly conserved genes, underscoring t e importance of 
ta ing t ese t o parameters into account en prioriti ing variants. 
not er parameter t at must be considered is t e specific conservation of t e nucleotide in 
ic  a given c ange occurs. If a missense variant it  a t eoretically ig  functional impact 
is located in a very poorly conserved region it in t e gene, it is very possible t at it ill ave 
no pat ogenic repercussions. Specific programs can evaluate t e conservation of a nucleotide 
t roug out evolution ( E P, SIF , etc.). not er crucial parameter to consider is t e 
mutational arc itecture of t e gene in ic  a variant is located. In some genes (e g  , 
 t e presence of even several missense variants may ave no deleterious effect, and 
gene functionality is only affected by truncating variants. In ot er cases, truncating variants are 
less deleterious t an missense variants. For e ample, in  truncating variants give rise to 
muc  less severe p enotypes t an missense variants. In ot er genes (e g  , ) t e 
resulting p enotype is determined by bot  t e type of variant (truncating or missense) and its 
relative position it in t e gene. 
nce all t ese c aracteristics ave been evaluated, and t e variants most li ely to be 
implicated in t e patient s p enotype are prioriti ed, t e last stage in t e study of dominantly 
in erited or -lin ed diseases is to determine et er t e variants ave arisen de novo. ecause 
de novo variants ave not been sub ected to negative selection, t ey are most li ely to be 
pat ogenic. f course, in t e case of recessive diseases if t o variants are detected it is essential 
to determine et er t ey are located on opposite c romosomes.  family study of t e 
prioriti ed variants is t us essential for correct interpretation of t e results of S analyses. 
C s ave been implicated in many s, and in neurodevelopmental diseases in 
particular (epilepsy, autism, sc i op renia, intellectual disability). o ever, because t ese 
variants cannot be detected using classical se uencing tec ni ues, and because t e tec nologies 
used for large-scale detection (comparative genomic ybridi ation C  and single nucleotide 
polymorp ism S P  arrays) can only identify C s 30 b, t ese types of variants ave been 
(and continue to be) under-detected. In particular, C s of 1 30 b, ic  appear to be 
implicated in numerous diseases, ave been systematically under-detected unless specifically 
searc ed for in a particular gene using specific met odologies suc  as multiple  ligation-
dependent probe amplification (MLP ) or real-time polymerase c ain reaction (PC ). 
ile t e emergence of S as facilitated t e detection of smaller C s, t ere remains 
a deart  of ade uate bioinformatics tools for t eir detection, and t eir use re uires e pertise in 
bioinformatics not typically found in molecular diagnostics centers. 







e met ods used for C  detection from S data vary depending on et er t e data 
are derived from targeted se uencing or S approac es. ile t ere are multiple tools 
available for t e detection of C s from S data, fe er ave been designed for use it  
targeted se uencing data (alt oug  t e number of t ese tools as increased considerably in 
recent years). Most of t ese tools are based on t e comparison of dept -of-coverage patterns 
bet een t e study sample and a set of control samples. e main difference bet een t e 
met ods lies in t e type of statistical modeling on ic  t ey are based ( idden Mar ov models, 
Poisson, negative binomial models, etc.), and t e filtering process applied to reduce t e number 
of false positives. en evaluating t e utility of eac  of t ese tools for t e management of our 
data, e found t at t e most c allenging aspect of t e evaluation process as obtaining enoug  
samples to use as positive C  controls. erefore, e set about creating a large database of 
artificially generated samples containing C s of varying si es and positions. en selecting 
programs to generate simulated data e too  several factors into account. First, most e isting 
simulation tools ave been developed to mimic S data and are not valid for generating 
artificial reads t at simulate targeted se uencing data. Second, in general t ese tools can be 
divided into t ose t at generate artificial reads and t ose t at allo  t e introduction of variants 
into artificial reads. ird, because one of t e ey problems associated it  t e detection of 
t ese variants is t e generation of biases caused by C content, t e presence of repetitive 
se uences, and t e type of platform used, among ot er factors, it is important to c oose an S 
data simulator t at can reproduce t is variability. a ing into account t ese limitations, e 
concluded t at t e optimal approac  as to use essim (S. im, eong, and afna 2013) to 
generate simulated reads t at mimic t ose generated in targeted se uencing, and S Sim 
( arten agen and ugas 2013) to introduce C s into t ose reads. sing t is combination of 
tools, e generated 320 simulated samples it  artificially introduced C s (plus 20 samples 
it out C s t at served as negative controls) at t o different mean dept s of coverage (50  
and 300 ). e introduced duplications and deletions (bot  etero ygous and omo ygous) of 
different si es and in different combinations. sing t is large, artificially generated S 
database e compared t e performance of 12 programs designed to or  it  targeted 
se uencing data: E omeC  (Sat irapongsasuti et al. 2011), E omeCopy (Love et al. 2011), 
C  ( . Li et al. 2012), E ome ept  (Plagnol et al. 2012), C IFE  ( rumm et al. 
2012), C ES ( ac enrot  et al. 2014), C E  ( iang et al. 2015), CL MMS (Pac er et 
al. 201 ), Co a I  ( o ansson et al. 201 ), ECo  (Fo ler et al. 201 ), C it 
( alevic  et al. 201 ), and Se C  (C en et al. 2017). ased on t e results obtained, e can 
dra  several conclusions. First, all tools performed better it  greater mean dept -of-coverage. 
is finding as unsurprising: lo er mean dept -of-coverage implies a greater number of areas 
poorly covered in ic  t e loss or gain of coverage caused by deletions or duplications is 
difficult to distinguis  from t e variation generated by bac ground noise. Second, in general 
deletions are easier to detect t an duplications. is finding as also e pected, since t e 
difference in coverage is more subtle in t e case of duplications t an deletions. ird, C s 
containing greater numbers of e ons are, in general, easier to detect t an t ose of smaller si e. 
is as also e pected, given t at t e larger t e C  t e less li ely t e difference in dept -of-
coverage is confused it  bac ground noise. e found t at t e tools t at produced t e best 
results ere ECo , E ome ept , E omeC , C ES, and Co a I . o ever, 
given t at none ac ieved 100  sensitivity, e soug t to identify t e optimal combination of 
tools to eliminate false negatives. o t is end, e classified a region as a C  if it as 
categori ed as suc  by at least t ree different tools. e results obtained ere disappointing: in 
order to detect all C s in t e simulated samples it as necessary to combine t e results of at 
least  different tools, ic  entailed a considerable increase in computational time and cost. It 
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s ould be noted t at artificial samples cannot completely reproduce t e comple ity of real 
samples, and t erefore t ese results s ould not be directly e trapolated to real analyses. 
o ever, t ey do allo  us to identify general trends (e g  ic  tools best detect ic  type 
of C , ic  tools produce t e fe est false positives, etc). 
In vie  of t e deficiencies of e isting tools for t e detection of t ese variants, e developed 
a C  detection program for t e analysis of gene panel data, it  particular sensitivity for 
small (single-e on) C s. First, e performed an e austive analysis of t e possible causes of 
variability in t e coverage patterns bet een t e samples obtained by targeted se uencing 
analysis. e factors identified ere in good agreement it  t ose previously described in t e 
literature: C content, tec nical variability in t e preparation of libraries and se uencing, 
modifications in t e design of gene panels, and initial integrity of t e  are all factors t at 
result in significant c anges in t e omogeneity of coverage profiles across samples. In order 
to obtain reliable results it  programs based on t e comparison of coverage patterns it is 
t erefore crucial to ma imi e omogeneity across samples. is can be ac ieved by processing 
t e samples in parallel and in t e same conditions, and by ma imi ing t e mean dept -of-
coverage to increase coverage in areas it  ig  C content. 
e detection algorit m e ave developed (Patt ec) applies a different normali ation 
algorit m depending on et er e ons or ole genes are being analy ed. In t e case of e on 
analysis, for eac  nucleotide t e dept -of-coverage is divided by t e ma imum coverage of t e 
gene in ic  it is located. o avoid erroneous selection of a duplication as a ma imum value, 
e developed a subroutine for eac  gene by combining t e C i-s uared test for t e detection 
of outliers and t e -means clustering algorit m. nce t e ma imum is calculated, its log-ratio 
is calculated for eac  nucleotide as follo s:  




ere ."$/0"1((&34&) and ."$/0"1((1".&) represent t e normali ed coverage of t e test 
and control samples (or of t e mean of t e controls if t ere are more t an one) in nucleotide , 
respectively. ese log-ratios follo  a normal distribution 7(89:;<, >?), ere 89:;< is t e 
mean of all e on log-ratios, and >?  is t e standard deviation of all t e log-ratios of t e gene. 
d acent C s of t e same type it  a p-value 0.05 and a similar percentage of coverage s 
increase/decrease are concatenated in a single region. e resulting p-value is a modification 
of Fis er s met od for t e combination of probabilities (corrected for non-independent tests, as 
implemented in t e  pool  pac age). o reduce t e number of false positives, e perform 
linear regression of t e mean coverage of t e test against t e normali ed mean coverage of t e 
control, and eac  p-value is penali ed based on its distance from t e ad usted values. Finally, 
e apply a en amini- oc berg or onferroni correction depending on t e number of results 
obtained. e output file reports C s it  a p-value of 0.05 and a percentage of 
increase/decrease 35  for deletions and 30  for duplications (user ad ustable parameters). 
For t e analysis of ole genes, t e same met od is applied (e cept for t e regression penalty), 
in t is case using t e follo ing normali ation: for female samples t e coverage of eac  
nucleotide is divided by t e global mean coverage of t e sample  for male samples, t e coverage 
of autosomal genes is divided by t e overall mean coverage of t e corresponding genes, and 
t e coverage of  c romosome genes is divided by t e mean coverage of t e corresponding 
c romosome. 
nce Patt ec as optimi ed, e compared its performance it  t at of  C  detection 
tools (E ome ept , E omeCopy, E omeC , C , C E , CL MMS, Se C  and 
C it), using C -containing samples provided by ot er laboratories and se uenced 







optimally (by ma imi ing dept -of-coverage and processing samples at t e same time, in t e 
same laboratory, using t e same se uencing it), as ell as samples obtained from public 
databases (t e 1000 enomes Pro ect). In t e analysis of real samples se uenced in our 
laboratory t e most sensitive tools ere Patt ec and E omeC , follo ed by E ome ept  
and C it, ile t e most specific tool as Patt ec, follo ed by E ome ept  and 
C . e results obtained it  t e 1000 enome Pro ect samples ere muc  poorer (in 
terms of bot  sensitivity and specificity), probably due to t e eterogeneity of coverage patterns 
across samples (t e mean correlation bet een overall dept s-of-coverage as 0.5), 
ig lig ting t e importance of minimi ing t e variability in coverage patterns bet een t e 
study sample and t e controls used. 
In our first article e e plain o , follo ing t e aforementioned guidelines, lists of rare 
variants detected can be more optimally created to include only t ose most li ely to be involved 
in t e patient s clinical p enotype, t ereby reducing t e need to perform costly and time-
consuming functional studies. ur second article describes a met od to generate artificial 
targeted S data into ic  C s can t en be introduced, allo ing us to evaluate t e 
performance of e isting C  detection tools. e used t is met od to compare 12 C  
detection tools, evaluating t e strengt s and ea nesses of eac . In our t ird article e present 
a C -detection program t at is specifically designed to or  it  gene panel data, can be 
easily used in laboratories it out t e need for e tensive bioinformatics e perience, and is 
especially sensitive to small C s, and e compare its performance it  t at of ot er e isting 
programs. 
In summary, t e goal of eac  of t e t ree articles presented ere is to optimi e t e diagnosis 
of  t roug  t e use of targeted se uencing data. ere remain many s ortcomings in t e 
diagnosis of s, including t e need for reliable met ods to detect mosaic variants, variants 
located outside coding regions, diseases it  a possible oligogenic origin, or rearrangement 
variants. ese problems ill be addressed in t e near future it  t e application of S to 






 INTROD CTION 
 
 T ESIS A O T 
is doctoral t esis is presented as a compendium of t ree papers publis ed in peer-revie ed 
scientific ournals (C apter 3), eac  it  its o n abstract, main te t, and references.  brief 
summary of eac  is presented belo . 
e article Prioritization of variants detected by next generation sequencing according 
to the mutation tolerance and mutational architecture of the corresponding genes 
( ttps://doi.org/10.33 0/i ms1 0 15 4), ic  as publis ed in t e nternational ournal of 
olecular ciences (201  C  Impact Factor, 4.1 3) is presented in Section 3.1. is paper 
discusses several ey concepts relating to variant prioriti ation in t e diagnosis of rare diseases. 
e first concerns t e mutational tolerance  of genes in ic  variants are located (i e  t e 
susceptibility of a given gene to any missense variation). is depends on t e strengt  of t e 
purifying selection acting against t e variant. e second concept is t e mutational 
arc itecture  of eac  gene. is is t e type and location of previously identified mutations in 
t e gene and t eir association it  different p enotypes or degrees of severity. e t ird 
concept concerns t e type of in eritance (in erited vs. de novo) of t e variants detected. sing 
real data, e s o  t at genes, as opposed to variants, can be prioriti ed by calculating a specific 
mutational tolerance parameter for a given gene. e influence of mutational arc itecture on 
variant prioriti ation is also illustrated using five paradigmatic e amples. Finally, t e 
importance of t e analysis of variants in t e patient s family as an essential step in variant 
prioriti ation is also discussed. 
e article Free-access copy-number variant detection tools for targeted next-generation 
sequencing data ( ttps://doi.org/10.101 / .mrrev.201 .02.005), publis ed in utation 
esearch evie s in utation esearch (201  C  IF, .0 1), is presented in Section 3.2. is 
article describes a met od to generate artificial targeted ne t-generation se uencing ( S) data 
t at simulate t e data produced by se uencing platforms. Specifically, e focus on tools t at 
allo  us to reproduce t e biases and variability in coverage patterns found in real samples. 
Furt ermore, e revie  met ods for t e detection of copy number variants (C s) based on 
dept -of-coverage described in t e current literature, and evaluate t eir effectiveness using t e 
simulated data e ave generated. e discuss t e strengt s and ea nesses of t ese detection 
met ods en integrated into t e daily or flo  of a genetic diagnostic laboratory. 
e article PattRec: An easy-to-use CNV detection tool optimized for targeted NGS 
assays with diagnostic purposes ( ttps://doi.org/10.101 / .ygeno.201 .07.011), ic  as 
publis ed in enomics (201  C  IF, 3.1 ) is presented in Section 3.3. is article presents a 
ne  C  detection tool called Patt ec, ic  is optimi ed for targeted S data and based 
on t e comparison of coverage patterns bet een samples. e utility of t is tool is evaluated 
using real data, including publicly available data (from t e 1000 enomes pro ect) and data 
provided by ot er laboratories, and its performance is compared it  t at of e isting C  
detection tools. e parameters t at influence t e reproducibility of coverage patterns bet een 
samples, including C content, biases caused by differences in sample processing, and t e use 
of different gene panel designs, are also evaluated. 
 







 T E DIAGNOSIS O  RARE DISEASES 
are and ultra-rare diseases are defined as t ose it  incidence rates of less t an 1 in 2,000 and 
1 in 100,000 people, respectively. espite t eir lo  incidence, t e large number of rare diseases 
(over 7,000 are described, and t is number is continually gro ing) means t at t eir combined 
prevalence is significant. ccording to E IS (t e European rgani ation of are 
iseases)  of t e European population ill develop a rare disease t roug out t eir lives. 
ese prevalence rates are similar to t ose reported for common diseases suc  as diabetes and 
ast ma. are diseases t erefore constitute a ma or problem for doctors and ave significant 
economic implications for ealt  systems orld ide due to t e difficulty in establis ing a 
specific etiological diagnosis. ealt  services are generally unprepared to deal it  diseases 
it  suc  lo  incidences and variable p enotypic e pression. Many of t e clinical 
manifestations of t ese diseases overlap it  t ose of more common diseases, and symptoms 
can appear late, even in adult ood. ppro imately alf of t ese diseases appear during 
c ild ood. Early diagnosis is t erefore essential. o ever, mont s and even years can pass 
bet een t e appearance of t e first clinical signs and diagnosis. ccording to t e Spanis  
Federation of are iseases (FE E ) t e mean time re uired to establis  a diagnosis is 5 years 
( Las Enfermedades aras en cifras  n.d.). 
iven t eir diagnostic comple ity, toget er it  t e fact t at over 0  of rare diseases 
ave an identified genetic component, t ese diseases stand to benefit greatly from recent 
advances in t e field of  se uencing. ntil ust a fe  years ago genetic analysis as 
considered t e final stage of t e diagnostic process in patients it  rare diseases. fter a process 
t at typically lasted years and involved t e documentation of clinical manifestations and 
successive bioc emical, pat ological, functional, and imaging tests, patients it  suspected 
genetic disorders ere referred for analysis of a candidate gene by classical se uencing. In most 
cases t is ould produce a negative result, and anot er candidate gene ould be se uenced. 
is cycle ould continue, increasing t e time to diagnosis and in most cases ending it out 
establis ing a definitive diagnosis. e rate of diagnosis using t is met odology as very lo , 
e cept for certain diseases it  ell-defined clinical, bioc emical, or pat ognomonic 
c aracteristics and it  lo  genetic eterogeneity (e g  p enyl etonuria). e emergence of 
ne t generation se uencing tec nology ( S) represented a turning point in our understanding 
of rare diseases, and in t eir diagnosis and treatment ( acc elli and illiams 201  anielsson 
et al. 2014). e emergence of S appro imately 15 years ago eralded t e potential to 
radically c ange t e diagnostic process by providing a fast, po erful, and lo -cost alternative 
for t e simultaneous genetic analysis of many genes early in t e diagnostic process. it in a 
fe  ee s, S-based tools can close in on one or a small number of candidate genes and can 
elp establis  a rapid diagnosis in a considerable percentage of cases. is ne  diagnostic 
process can dramatically reduce aiting times and s orten t e often endless searc  t at many 
patients and t eir families ad to endure before t e advent of t is tec nology. It is t erefore 
unsurprising t at t e orld s best ealt care systems ave incorporated t ese po erful tools 
into t eir routine diagnostic processes.  
S as also given rise to a ne  p enomenon in medicine no n as reverse p enotyping. 
In some cases, t e combined use of S and segregation analysis can identify a pat ogenic 
mutation in a gene t at is no n to cause disease but as previously lin ed to a different 
p enotype. In suc  cases, retrospective clinical investigation of t e patient and family members 
may reveal additional, previously unrecogni ed c aracteristics. In a revie  of more t an 300 
studies in ic  rare diseases ad been investigated using ole-e ome se uencing ( ES), 
oycott et al. found t at appro imately 25  of t e genetic mutations related to a specific 
disorder ere associated it  a p enotype t at as actually observed follo ing clinical 
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reevaluation of t e patient after a genetic finding ( oycott et al. 2013). e recent literature 
includes many e amples of reverse p enotyping. For e ample, rif and colleagues identified a 
variant in  (implicated in optic atrop y syndrome) in t o affected members of a family 
in ic  no op t almological studies ad previously been conducted, leading clinicians to 
reassess t e p enotype of t e patients and to ultimately establis  a correct diagnosis ( rif et al. 
2013). ra iano et al. identified a variant in  ( ic  causes aromatic amino acid 
decarbo ylase deficiency C ) in t ree consanguineous patients it  syndromic 
intellectual disability, t us e panding t e C p enotype ( ra iano et al. 2015). In t eir 
study, ang and co or ers detected t o variants in etero ygosis in  ( ic  is 
implicated in ereditary spastic paraparesis) in a patient it  slo ly progressing and apparently 
sporadic ata ia ose symptoms included emotional disconnection , t ereby adding 
neurobe avioral disorders to t e p enotype of t is disease (L. ang et al. 2017). ese 
findings s o  t at in rare diseases t e se uence in ic  clinical signs appear, as ell as t eir 
intensity, vary greatly from one patient to anot er. is elps e plain y it can be so difficult 
to establis  diagnosis. ust a fe  years ago, doctors ad no c oice but to observe and ait for 
furt er clinical signs to appear over time. o ever, S no  provides doctors it  po erful 
molecular tools t at can uncover important clues early in t e disease process and allo  t em to 
begin investigating manifestations t at are not yet fully e pressed or ave not yet appeared. 
Many rare diseases can be caused by mutations in tens or undreds of different genes. For 
e ample, t e onne and ivier team annually updates a list of genes associated it  
myopat ies, t e most recent version of ic  contains 535 genes ( onne, ivier, and amroun 
201 ). ang and colleagues proposed an e austive list of 3 epilepsy-related genes, and 
anot er 2 4 genes potentially involved in t is disease ( ang et al. 2017). e ability to 
se uence undreds or t ousands of genes in parallel allo s analysis of genes t at are implicated 
in t e disease suspected to underlie t e patient s p enotype, as ell as genes associated it  
ot er diseases it  overlapping p enotypes, it out substantially increasing t e cost of t e test. 
is translates into an increase in t e rate of diagnosis of diseases in ic  t e complete clinical 
picture is difficult to identify or emerges slo ly over time. an s to S, t e number of genes 
associated it  ne ly identified diseases as gro n e ponentially in all fields of medicine. e 
increase over t e last 20 years in t e number of p enotype entries in t e nline Mendelian 
In eritance in Man ( MIM) database for ic  t e molecular basis of a particular p enotype 
is no n is s o n in Figure 1. is e plosion of no ledge is a conse uence to t e use of 
S to rapidly se uence any region of t e uman genome, ranging from several genes to t e 
entire genome, it  a ig  degree of sensitivity. 
ree main S-based tests are used in t e study of rare diseases. ese tests can be 
ordered according to cost, ease of analysis, and scope, and include (1) parallel se uencing of 
coding se uences (e ons) of gene groups in ic  mutations result in similar or overlapping 
p enotypes (gene panels)  (2) ole-e ome se uencing ( ES), in ic  all no n coding 
regions of t e uman genome are se uenced  and (3) ole-genome se uencing ( S), ic  
analy es t e entire uman genome. In current clinical practice t e most commonly used analysis 
is targeted se uencing, using eit er gene panels or ES (Lindy et al. 201  Li ar et al. 201  
rtega-Moreno et al. 2017  Savarese et al. 201 ). In recent years ES as predominated in 
studies of t e genetic basis of rare diseases. is type of analysis covers only 1  ( 30 Mb) of 
t e uman genome, and its main dra bac  is its inability to detect certain types of variants, 
suc  as t ose located in intronic or intergenic regions. Moreover, targeted se uencing offers 
muc  less uniform read distribution as a conse uence of t e enric ment of t e areas to be 
studied, resulting in lo er coverage in certain areas, especially t ose it  ig  C content 
(Meienberg et al. 201 ). o ever, t is type of analysis is very idely used t an s to t e 







follo ing features: compared it  S, (1) t e cost is muc  lo er and (2) t e amount of data 
generated is muc  more manageable, reducing bot  t e time re uired for analysis and t e 
comple ity of t e data obtained. Compared it  ES, gene panels offer muc  faster response 
times, and fe er incidental findings (variants associated it  a greater li eli ood of developing 




Figure 1. Total number of OMIM entries per year for the past 20 years. * data collected up to August 31st, 
2019. 
 
 T E C A ENGE O  GENOMIC DATA ANA SIS  IOIN ORMATICS 
e application of S to t e study of diseases of genetic origin represents a tremendous step 
for ard, but also presents a ne  c allenge: t e difficulty in filtering and interpreting t e data 
produced. ile t e output of classical se uencing approac es is a single  se uence ( it  
a ell-defined genomic position), S data consists of millions of pieces  of  se uence, 
t e original position of ic  is not easily identifiable because all se uences from all t e studied 
genes are mi ed toget er. It is t erefore necessary to develop specific bioinformatics programs 
to order t e results obtained from se uencing platforms. e process of detecting variants 
(modifications in t e nucleotide se uence it  respect to t e reference genome) is also less 
immediate t an it  classical se uencing. In fact, because S can produce errors and false 
positives, classical se uencing remains t e reference met od to confirm t e presence of certain 
types of variants, especially in areas poorly covered by S. 
 
 S    
S tec nologies randomly fragment t e genome into small pieces t at are amplified by 
PC  and subse uently read  or se uenced in parallel. is se uencing consists of t e reading 
of a certain number of bases of t e fragment (t e number of bases read usually ranges from 50 
bp to 400 bp or more, depending on t e platform used). In single-end se uencing, t e fragment 
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is read in only one direction, ile in paired-end se uencing eac  fragment is read in bot  
directions.  
mong t e most common se uencing met ods (Salipante et al. 2014  Liu et al. 2012) are 
se uencing by synt esis (used by Illumina) ( Illumina  Se uencing and rray- ased Solutions 
for enetic esearc  n.d.), ligation se uencing ( ermofis er S Li ) ( Life ec nologies - 
ES  n.d.), semiconductor ion se uencing (Ion orrent Systems Inc.) ( Ion orrent - ES  n.d.), 
and pyrose uencing (created by oc e / 454 Life Sciences) ( oc e Life Science  elcome  
n.d.), alt oug  pyrose uencing as been obsolete since 2013 ( io-I  orld  n.d.). Eac  of 
t ese processes produces millions of reads of 50 700 bp, ic  must t en be aligned against 
t e uman reference genome to identify t eir genomic position. is alignment process is far 
from trivial: in addition to t e difficulty in or ing it  t e massive amounts of data generated 
by t e platform, eac  platform as its o n intrinsic se uencing errors (error rates vary from 
0.1 1 , depending on t e platform) (Can ar and Sal berg 2017). In Illumina se uencing, t e 
most fre uent errors are single-nucleotide substitutions, in Ion orrent and 454 t e most 
common errors are small deletions, and S Li  produces -  biases (Fo  and eid- ayliss 
2014  ood in, McP erson, and McCombie 201 ). Furt ermore, t e alignment process can be 
furt er complicated by t e presence of variants (common or rare) in t e se uenced sample t at 
may cause reads in a given region to differ from t e reference genome. o ever, t e most 
c allenging aspect of t e alignment process is t e presence of repetitive se uences in t e 
reference genome, i e  pieces of  t at are repeated (t e e act same se uence or small 
variations t ereof), even undreds of times, at different locations it in t e genome. ese 
se uences account for appro imately alf of all uman  ( at er and eininger 2002) and 
pose a great c allenge for aligners, particularly se uences t at s are a ig  degree of similarity. 
lignment algorit ms see  t e best possible matc  bet een t e reads and t e reference genome, 
and generally ac ieve up to 0  uni ue alignments, since most of t e repetitive se uences 
present in t e genome differ sufficiently from one ot er so as not to pose a problem. o ever, 
t ose t at s are a ig er percentage of similarity can result in ambiguities in t e alignment data. 
Moreover, t e potential presence of population variants in t ese regions furt er complicates t e 
process. ligners must t erefore c oose et er to discard reads t at fall in t ese repetitive 
regions, prioriti e better aligned reads, or report all possible alignments (assigning a penalty 
according to t e number of mismatc ed bases) ( reangen and Sal berg 2011). 
e algorit ms used must t erefore be strict enoug  to uni uely assign eac  read to its 
corresponding genomic position (ta ing into account t e presence of repetitive se uences in t e 
genome), but sufficiently permissive to be able to align reads it  discrepancies relative to t e 
reference genome. e t o most used met ods for alignment are (1) seed and associative matri  
(seed / as ) met ods, ic  searc  for matc es in sub-se uences (seeds) assuming t at at least 
one ill matc  perfectly it  t e reference ( as )  and (2) met ods based on t e urro s-
eeler transformation ( urro s and eeler, n.d.), ic  inde  t e reference genome so t at 
t e searc  for matc es is computationally muc  less e pensive (Flice  and irney 200  eng 
Li and omer 2010). e best no n algorit ms t at use t e urro s- eeler transformation 
are  ( . Li and urbin 200 ) and o tie (Langmead et al. 200 ). -mem (Li, eng 
2013) applies t e seed / as  met od to find matc es bet een t e seeds and t e reference, and 
assigns eac  an alignment suitability  value using t e Smit - aterman met od (Smit  and 
aterman 1 1). urro s- eeler transformation-based met ods are generally faster but less 
sensitive t an seed / as  met ods, and are more suitable for s orter read lengt s ( 70 bp) t an 
seed / as  met ods ( ic  are recommended for read lengt s 70 bp) ( urro s- eeler 
ligner  n.d.). 







   
nce t e millions of reads generated by t e platform are aligned, t e ne t step is to detect 
t e variations in t e sample it  respect to t e reference genome. ile most of t ese variations 
are in erited from t e parents, t ey can also occur de novo in t e germ cells of t e parents or at 
some point during embryonic development. Specific detection met odologies are used for 
different variant types, eac  of t em as uni ue features t at ma e t em more or less easy to 
detect. Furt ermore, not all variants are detectable using all types of se uencing. 
ariants can be classified into t ree main groups according to t e type of modification t ey 
produce in t e genome and o  t ey are detected: single-nucleotide variants and small 




Figure 2. Types of variants according to the modification produced into the genome. 
 
1.3.2.1 Single-nucleotide variants and small insertions/deletions 
Single-nucleotide variants (S s) are variations in a single nucleotide in t e  
c ain, ile small insertions and deletions (I ELs) are defined as losses or gains of a small 
number of nucleotides ( 50 bp). ese variants are t e most common in t e genome ( .  of 
all variants are S s or I ELs) (1000 enomes Pro ect Consortium et al. 2015  atsonis et 
al. 2014). ey can be categori ed as genic (t ose t at occur it in a gene) or non-genic (t ose 
located in intergenic regions). enic variants can be subgrouped as follo s: 
 
1. Coding variants: variants t at occur in coding regions of t e gene (e ons).  
a. S s: depending on t e nucleotide c ange produced and t e position it in t e amino 
acid, t ese variants can be classified as follo s: 
I C I  
 
33 
i. Synonymous: t e resulting amino acid remains t e same (e g  t e c ange 
C T still produces a cysteine).  
ii. Missense: t e nucleotide c ange produces a different amino acid (e g  t e 
c ange C G produces a tryptop an instead of a cysteine). 
iii. onsense: t e nucleotide c ange produces a stop codon (e g  t e c ange 
C A produces a stop codon instead of a cysteine). 
b. I ELs: t ese are divided into t o subgroups, depending on et er t e number of 
nucleotides inserted or deleted is a multiple of t ree: 
i. on-frames ift  if t e number of inserted or deleted bases is t ree or a multiple 
of t ree, one or more ne  amino acids are generated (or deleted) but t e rest of 
t e se uence is unaffected. 
ii. Frames ift: if t e number of bases is not a multiple of t ree, t e reading frame 
of t e gene is altered beginning at t e location of t e variant. In most cases t is 
results in t e appearance of a premature stop codon in ic  t e m  is 
sub ect to a process no n as nonsense-mediated m  decay ( M ), 
resulting in its elimination (Lin et al. 2017). In ot er cases, a premature stop 
codon is not produced and t e I EL causes a c ange in t e amino acid 
se uence, resulting in a protein longer t an t e original encoded protein (t e 
stop codon emerges do nstream of t e original codon). 
 
2. oncoding variants: t ese occur in introns (intronic variants) or in cis-regulatory regions (5 
 and 3  ). 
 
3. Splice-site variants: t ese variants affect t e consensus regions necessary for correct splicing 
of e ons. ifferent types of consensus se uences are involved in t e splicing process. e 
most conserved are t ose found on t e border bet een an e on and an intron (splice acceptor 
and/or donor sites), ile less conserved ones can be located bot  in intronic regions (branc  
site) or it in e ons: splicing en ancers (ESE) and splicing silencers (ESS) ( nna and 
Moni a 201 ). 
 
f t ese variants, t ose t at typically most affect gene functionality are nonsense, frames ift, 
and splice-site variants. ese usually result in premature termination of transcription, and are 
t us no n as truncation variants ( g et al. 200 ). ariants t at result in substitution of one 
amino acid for anot er (missense) can be totally armless (common polymorp isms it  no 
effect on t e protein) or can lead to gain or loss of function of t e encoded protein, it  potential 
pat ological repercussions. e latter ave lo  fre uencies and are often studied as potential 
causative mutations in rare diseases.  
Many tools are used to detect S s (t e most easily detected variant type). o main 
approac es are used, depending on t e type of variant soug t: (1) t ose designed to detect 
germline variants (i e  ic  are in erited from parents or arise de novo in t e parents  germ 
cells)  and (2) t ose designed to detect mosaic variants (i e  ic  appear at some point during 
embryonic development and are t erefore not present in all tissues) or somatic variants ( ic  
arise after birt  in a specific tissue). o detect germline variants, variant callers usually apply a 
ayesian approac  based on t e e pected number of reads of t e variants (50  for 
etero ygous variants, 100  for omo ygous variants). us, all variants it  an allelic 
fre uency outside t e ranges permitted by eac  tool are discarded as false positives. e most 
idely used tools t at apply t is ayesian approac  are S Mtools ( eng Li 2011), Free ayes 
( arrison and Mart  2012) and  (Mc enna et al. 2010). etection of somatic and mosaic 







variants is more comple , as t ey can ave different allelic fre uencies. e most common 
detection met ods are based eit er on comparison of affected it  ealt y tissue (t e approac  
most often used in cancer studies, in ic  tumor tissue can be compared it  blood), or on 
t e use of a set of samples from control individuals (i e  ealt y individuals) to filter out 
common germline variants. e algorit ms applied can be ayesian-based (e g  SomaticSniper 
(Larson et al. 2012) and Strel a (Saunders et al. 2012)), or euristic (e g  arScan2 ( oboldt 
et al. 2012)). 
e most important factors t at can affect S  detection include intrinsic errors in 
se uencing platforms ( ic  can lead to false positives), t e type of sample se uenced (e g  
formalin-fi ed paraffin embedded (FFPE) samples are usually uite degraded, and t is 
increases t e probability of false positives and even false negatives), and, above all, a lac  of 
sufficient coverage in t e region studied (Spencer, ang, and Pfeifer 2015).  
etection of I ELs is c allenging for several reasons. First, correct alignment of t e 
se uence reads to t e reference genome is more difficult en t ere are eit er more or fe er 
nucleotides it  respect of t e reference se uence. Second, even en t e reads are correctly 
placed, alignment at t e nucleotide level is usually incorrect due to repetitive local structures, 
partial overlapping, or insufficient ig - uality se uence flan ing t e I EL. ird, ile 
Illumina s s ort se uence reads ave a lo  overall I EL error rate, systematic I EL errors 
can occur, particularly in omopolymers ( lbers et al. 2011  Montgomery et al. 2013). 
epetitions of all inds complicate t e mapping process, as t ey introduce ambiguity as regards 
t e true position of a read, potentially reducing t e sensitivity it  ic  e can detect I ELs 
or ot er mutations. If not analy ed correctly, repetitions can also introduce false positives by 
suggesting t e presence of artificial I ELs bet een repetitive elements and decreasing t e 
specificity of variant calling. In particular, simple tandem repeats (S s) are especially difficult 
genomic se uences to se uence and analy e: t ey ave a se uencing error rate substantially 
ig er t an t at of ot er se uences and are prone to polymerase slippage, ic  can artificially 
e tend or contract t e lengt  of t e repetitive element ( ar isi and Sc at  2015). 
1.3.2.2 Copy number variants 
In general umans carry t o copies of eac  genomic region (one in erited from eac  
parent).  C  is t e result of an alteration in t is number, caused by losses or gains of genetic 
material (resulting in no copies, one copy, or t ree or more copies). ese variants can arise as 
a conse uence of several different mec anisms, one of ic  is omologous recombination 
during meiosis bet een repeated se uences of lo  copy numbers (LC s), specific to t e region. 
e type of  rearrangement resulting from t ese events is a function of t e orientation of 
repeated se uences t at serve as substrates for omologous recombination. ecombination 
bet een direct repetitions can lead to elimination and/or duplication of t e genetic material 
located bet een t e repetitions, ile recombination bet een inverted repetitions results in 
inversion of t e intermediate genomic se uence ( . . Lups i 1 ). C s present in t e 
uman genome cover a greater number of nucleotides and arise de novo more fre uently t an 
S s (Stan ie ic  and Lups i 2010). ey e ert a greater influence t an S s on uman 
evolution and genetic diversity among individuals, and ave been implicated in susceptibility 
to several rare diseases, including autism and sc i op renia. Locus-specific mutation rates for 
C s are in t e range 10-4 10-5 (i e  1000 10000 times greater t an t e corresponding rate for 
S s) ( ames . Lups i 2007). 
o date, t o main tools ave been used to detect C s: comparative genomic 
ybridi ation (C  array) and single-nucleotide polymorp ism (S P) array. ese allo  
detection of C s of a minimum si e of 30 b, ic  are not detectable by c romosomal 
I C I  
 
35 
banding. ecause t e aforementioned tools cannot detect smaller C s (1 30 b), t eir rates 
are li ely underestimated ( edon et al. 200 ). Crucially, it is very li ely t at C s it in t is 
si e range play ey roles in t e development of certain rare diseases. For e ample, Poultney et 
al. reported t at up to 7  of autism cases arbor e on deletions of 1 30 b t at potentially 
contribute to t eir disease (Poultney et al. 2013). etection of C s by S is t erefore of 
utmost importance, as it is t e only met odology capable of detecting small C s. 
Furt ermore, t e ability of S to detect C s means t at C  identification can be 
incorporated into routine gene panels and ES analyses, ic  can increase t e diagnostic rate 
up to  it out increasing t e cost of t e analysis (Pfundt et al. 2017). 
e met ods applied to detect C s differ depending on et er e are or ing it  
S or targeted se uencing data. Four main approac es can be distinguis ed: (1) paired-end 
mapping  (2) split read mapping  (3) dept -of-coverage  and (4) de novo local assembly. In 
paired-end se uencing t e  fragments are read at bot  ends, it  a fi ed separation 
bet een reads ( no n as insert si e). en t ese reads fall near t e brea point (i e  t e 
beginning or end) of a deleted area of t e genome, t e si e of t e insert is larger t an stipulated, 
ile in cases of duplications bot  reads ave a muc  smaller distance, and can even overlap. 
Met ods based on t is approac  t erefore loo  for reads it  an insert si e distinct from t at 
e pected for t e detection of C s ( orbel et al. 2007). Split-read met ods also use paired-
end reads, but are based on a different principle: t e ob ective of t is approac  is to detect 
brea points by loo ing for reads it  partners t at are not mapped, or only partially mapped, 
against t e reference genome ( . . ang et al. 2011). lgorit ms based on dept -of-coverage 
are based on t e premise t at t e number of reads in a genomic region is proportional to t e 
original number of copies in t at region. erefore, coverage in deleted areas is lo er (reduced 
by appro imately alf if one copy of t e alleles is missing and near ero en t o copies are 
missing) t an for t e rest of t e genome, and is ig er in duplicate areas (appro imately 1.5 
times ig er if one allele is duplicated). ese t ree met odologies start it  t e reads already 
aligned or mapped against t e reference genome. y contrast, in de novo assembly met ods 
 fragments are reconstructed from t e reads generated by t e platform by assembling t e 
reads t at overlap one anot er. Subse uently, t ese assembled fragments are compared it  
t e reference genome to identify regions it  C s ( l an, Coe, and Eic ler 2011). 
ot all detection met ods used in S are applicable to targeted se uencing. ecause 
C s usually contain bot  coding and noncoding regions, brea points generally fall outside 
t e areas se uenced in t ese analyses, and t erefore paired-end, split read, and de novo 
assembly met odologies are not valid. In suc  cases t e only appropriate met odologies are 
t ose based on dept -of-coverage. o ever, unli e S t e coverage is not uniformly 
distributed t roug out t e se uenced regions. dditional measures are t erefore re uired to 
overcome t is problem, t e most common of ic  is to compare coverage patterns bet een 
t e sample and a set of control samples se uenced under t e same conditions.  
 
1.3.2.3 earrangement variants 
earrangement variants are t ose in ic  t e amount of genetic material remains 
constant but is relocated t roug out t e genome. is category includes inversions 
(c romosomal rearrangements in ic  t e orientation of a segment is altered), translocations 
(c romosomal segments t at move from one genomic position to anot er, eit er it in t e 
same c romosome or in anot er), and large de novo insertions ( 50 bp). e later can be 
subclassified as follo s, depending on t e type of se uence inserted: mobile element insertions 
(MEIs)  nuclear mitoc ondrial  insertions ( M s)  viral element insertions ( EIs)  and 
insertions of unspecified se uence ( osugi et al. 201 ).  







etection of t ese variants is based on identification of t eir brea points using tec ni ues 
suc  as paired-end mapping, split-read mapping, and de novo assembly. Most of t ese variants 
are not detectable by targeted se uencing, as t e brea points tend to lie in noncoding areas of 
t e genome. Moreover, t e rearrangement variants can be present in t e form of comple  
rearrangements, ic  are composed of several of t ese canonical  variants, ma ing t eir 
detection and identification even more difficult (Sanc is- uan et al. 201 ). 
 
    
nce t e variants ave been detected, t e ne t step is to identify t ose most li ely related 
to t e patient s p enotype. Most of t e variants detected in t e uman genome are not directly 
implicated in any disease, at least in t e conte t of t e study of rare diseases. e vast ma ority 
of variants are common (i e  are found at ig  fre uencies in t e general population): only 1
4  of genome variants are rare (i e  ave a fre uency in t e population of less t an 0.5 ) 
(1000 enomes Pro ect Consortium et al. 2015). is applies not only to single-nucleotide 
variants and small insertions and deletions. For e ample,  contains a region of  e ons 
(e ons 2 , 0 7, and 105) t at is triplicated in t e general population (i e , t e normal 
copy number of suc  region is si ) ( iis i et al. 201 ). In fact, Conrad and colleagues estimated 
t at t ere are 3,7 7 C s it  fre uencies 5  (si e 450 bp) in t e European population 
( edon et al. 200 ). erefore, t e first step en performing variant analysis is usually to filter 
t e common variants using multiple e isting public databases, suc  as t e 1000 enomes 
Pro ect ( 1000 enomes   eep Catalog of uman enetic ariation  n.d.), t e E ome 
ggregation Consortium ( E C ro ser  n.d.), or t e enome ggregation atabase 
( nom  n.d.). 
Even if e focus solely on rare variants, t eir pat ogenicity cannot be ensured, since many 
of t em may ave no impact, or no armful impact, on gene e pression. e results of t e 
1000 , gnom , and E C pro ects provide many e amples of t ese types of scenarios. For 
e ample, of t e 0,70  e omes analy ed in E C, 54  of t e variants detected ere singletons 
(i e  variants t at appear only once in t e entire database) (Le  et al. 201 ). e variants it  
t e greatest functional impact, in addition to C s and rearrangement variants, are t ose t at 
modify t e reading pattern of t e gene and/or t e amino acids it encodes. o ever, bot  
synonymous variants and t ose located in noncoding areas may be related to t e patient s 
p enotype.  gro ing number of studies associate t ese variants it  clinical p enotypes 
(Sauna and imc i Sarfaty 2013  i it, umar, and Mo apatra 201  . E. Miller et al. 201  
S arma et al. 201 ). ile synonymous variants do not result in amino acid modifications, t ey 
are found in t e coding areas of t e gene and can lead to t e appearance or disappearance of 
consensus se uences involved in m  splicing, t e stability of ic  is conse uently altered 
(Sauna and imc i-Sarfaty 2011). e same applies to noncoding gene variants: until recently 
intergenic  as no n as un  , but e no  no  t at it contains se uences essential 
for t e differential regulation of space-time gene e pression ( arrett, Fletc er, and ilton 
2012).  
e c romosomal position of a variant it in t e gene is also important. For e ample, 25  
of cases of idiopat ic dilated cardiomyopat y are caused by truncation variants in , and yet 
truncation variants in t is gene ave also been found in about 3  of ealt y individuals. e 
difference bet een deleterious and nondeleterious truncation variants is t eir location: t e 
former are mainly located in t e -band of t e gene, ile t e latter are located outside of t at 
band (E san et al. 2017). ere are a variety of tools used to predict t e impact of variants on 
gene e pression, according to t eir position and t e type of c ange t ey cause. Most of t ese 
tools are designed for missense variants (C EL ( on le -Pére  and Lópe - igas 2011), 
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Mutation aster2 (Sc ar  et al. 2014), PoliP en-2 ( d ubei, ordan, and Sunyaev 2013), 
F MM (S i ab et al. 2013))  splice-site variants ( eneSplicing (Pertea, Lin, and Sal berg 
2001), uman Splicing Finder ( esmet et al. 200 )), and I ELs (P E  (C oi and C an 
2015)). 
ere is general consensus regarding t e classification of variants according to t eir 
potential pat ogenicity. e merican College of Medical enetics ( CM ) classifies variants 
into five groups according to t eir relations ip it  a specific disease: pat ogenic, li ely 
pat ogenic, benign, li ely benign, and of uncertain significance ( ic ards et al. 2015). In 
general, in order to classify a variant as pat ogenic it must be a protein-truncating variant 
(nonsense, frames ift, C , or ot er type of splicing variant) or a missense variant t at 
produces an amino acid c ange previously associated it  t e disease, it  a very lo  
fre uency in databases, not in erited from ealt y parents, and located in a gene for ic  a 
relations ip it  t e disease is ell documented. lt oug  t ere are some specific guidelines 
for C  classification ( earney et al. 2011), t e ma ority of e isting guides for variant 
classification are oriented to ards S s and I ELs, as t ese are t e most idely studied 
variants. 
n t e ot er and, several studies ave lin ed t e presence of C s it  c anges in t e 
e pression of genes located it in or near t e C  ( enric sen, C aignat, and eymond 
200 ). C s are implicated in numerous rare diseases, including autism spectrum disorder 
( us ima et al. 201  ing un et al. 2017  Pinto et al. 2014), sc i op renia (Mars all et al. 
2017  Sriretna umar et al. 201  vramopoulos 201 ), intellectual disability (Cooper et al. 
2011  ilissen et al. 2014), and several neurodevelopment diseases ( ygesen et al. 201  
e ir- a et al. 2011  a umi and amada 201 ). Pfundt and collaborators performed C  
analyses on 2, 03 samples from patients it  various diseases of genetic origin 
(neurodevelopmental, movement, metabolic disorders, etc.), and detected clinically relevant 
C s in 123 samples (Pfundt et al. 2017). n estimated 15  to 20  of cases of 
neurodevelopmental disorders, including intellectual disability and autism spectrum disorder, 
can be attributed to C s ( . . Miller et al. 2010). In fact, analysis of C s by c romosomal 
microarray (MC ) is considered a first-line test for t e clinical diagnosis of patients it  
intellectual disability of un no n cause (Moesc ler, S evell, and enetics 2014). o ever, a 
gro ing number of studies indicate t at ES and S are of greater diagnostic utility t an 
CM : a meta-analysis conducted by Clar  et al. reported t at t e probability of establis ing 
diagnosis using ES or S is up to .3 times ig er t an t at it  CM , suggesting t at 
t ese approac es s ould be considered first-line tests for t e diagnosis of diseases of genetic 
origin (Clar  et al. 201 ). It s ould be noted t at t e presence of C s is not al ays associated 
it  disease. In t e genomes of ealt y individuals arrei et al. identified 107 coding genes 
from ic  at least 5  of e ons ere deleted in omo ygosis, suggesting t at removal of 
t ese genes as no p enotypic conse uences ( arrei et al. 2015). is ig lig ts anot er 
problem encountered in suc  analyses: alt oug  a variant may ave a significant impact on t e 
gene, not all genes are e ually sensitive to variation. Certain genes can tolerate large variations 
in t eir structure it  no pat ological conse uences, ile in ot ers muc  smaller c anges can 
lead to disease. 
So far, e ave focused primarily on Mendelian diseases, in ic  variants in a single gene 
give rise to disease (also no n as monogenic diseases). o ever, not all diseases are caused 
by variations in a single gene: some arise from combinations of variants in different genes 
(oligogenic diseases). e simplest forms of oligogenic disease are digenic diseases, of ic  
several types are described: classic, pseudo-digenic, or combinations of t o different 
Mendelian diseases ( eltas 201 ). Classic digenic diseases are t ose in ic  t e disease only 







manifests en t e patient carries t o variants in t o distinct genes. ang and colleagues 
described one suc  scenario in t eir study of a family of C inese origin, t o members of ic  
ad early-onset Par inson s disease. e affected family members eac  carried t o variants, 
one in  (also no n as ) and anot er in , ile ot er family members o 
carried only one of t e variants ere unaffected ( ang et al. 200 ). Pseudo-digenic diseases are 
t ose in ic  a variant in one gene produces t e disease, ile a variant in anot er gene 
modifies t e p enotype. For e ample, in cystic fibrosis patients o are omo ygous for t e 
P e50 del variant in , t e presence of a variant in  modifies t e disease p enotype, 
increasing t e ris  of developing severe lung disease ( rumm et al. 2005). Finally, 
combinations of t o different Mendelian diseases caused by variants in distinct genes can also 
be considered digenic. In a retrospective study of 7,374 patients, Posey and co or ers reported 
7 cases of combinations of t o distinct diseases caused by variants in different genes. ese 
diseases can ave very different p enotypes. ne suc  e ample concerned a patient carrying 
variants in  and , ic  cause t o diseases it  very different clinical 
c aracteristics: Coffin-Siris syndrome 1 and emolytic anemia, respectively. lternatively, t e 
p enotypes of t e t o diseases can overlap, as observed in anot er case in ic  a patient 
carried variants in  and , ic  respectively gave rise to t o types of epileptic 
encep alopat y: epileptic encep alopat y, early infantile, 7  and epileptic encep alopat y, 
early infantile, 13 (Posey et al. 2017). 
im and collaborators ave proposed a met od to detect diseases it  oligogenic 
in eritance ( . im et al. 201 ), and ave used t is approac  to identify genes involved in 
oloprosencep aly, demonstrating t at t e appearance of t is disease is a conse uence of t e 
combined effects of multiple variants. First, t e aut ors did not prioriti e variants according to 
e isting guidelines for t e identification of pat ogenic or li ely pat ogenic variants, as t ese 
are oriented to ards Mendelian diseases and generally rule out all variants t at cannot alone 
give rise to t e disease. Secondly, t ey focused t eir analysis on all genes potentially (even 
remotely) related to a p enotype similar to t at of disease under study, or t ose it  e pression 
patterns t at resemble t at of t e disease of interest. Finally, using a large co ort of bot  patients 
and ealt y controls, t ey loo ed for sets of t o or more rare variants in t e prioriti ed genes 
in patients (eit er variants in erited from eac  parent, or de novo variants) t at did not appear 




 O ECTI ES 
 
 MAIN O ECTI E 
e main goal of t is t esis is t e development of specific tools for t e analysis of data produced 
by targeted S tec nologies. ese tools ould facilitate genetic diagnosis of rare diseases, 
optimi e t e detection and prioriti ation of S s, I ELs, and C s, and minimi e t e 
occurrence of false negatives and false positives. 
 
 S ECI IC O ECTI ES 
o ac ieve t is main ob ective, t e follo ing specific goals ere defined: 
 
a. Identify genes it  t e ig est and lo est tolerance to S s and I ELs, and implement 
a met odology for t e prioriti ation of t ese variants based on t eir potential pat ogenicity 
(3.1). 
 
b. Evaluate currently e isting algorit ms and tools for C  detection t at are applicable to 
targeted S data (3.2). 
 
c. Identify t e possible causes of variability in t e coverage patterns bet een t e samples 
obtained by targeted se uencing analysis, and develop of a met od for C  detection based 
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 GENERA  DISC SSION 
 
e analysis of S output data is not trivial: for eac  type of variant t ere are different 
limitations in terms of detection and prioriti ation. e easiest variants to identify are S s 
and I ELs, but prioriti ation of t ese variants remains problematic. o determine t e possible 
pat ogenicity of t e variants detected, it is essential to evaluate t eir potential functional 
impact, ta ing into account t e type of variant in uestion and t eir genomic position. is type 
of evaluation is common practice in t e analysis of S s and I ELs, as evidenced by t e 
large number of available tools for t eir evaluation in silico (C EL, uman Splicing Finder, 
Mutation aster2, PoliP en-2, F MM, eneSplicer, P E , etc.). Evaluation of t e 
mutational tolerance of eac  gene is e ually important but muc  less common. ot all genes 
are e ually tolerant. In some t e presence of a variant can be t e sole cause of a disease, ile 
in ot ers t e presence of one or more variants as no pat ological conse uences. In our article 
rioriti ation of ariants etected by e t eneration e uencing ccording to the utation 
olerance and utational rchitecture of the orresponding enes (3.1), e presented an 
approac  for t e evaluation of mutational tolerance based on t e ratio of missense variants to 
t e total number of missense and synonymous variants detected in eac  gene. In principle, 
missense variants ave a greater impact on t e gene t an synonymous variants. erefore, in 
genes it  lo er mutational tolerance t e proportion of t e former is e pected to be smaller, 
since negative selection acts on t ese genes to restrict t e perpetuation of variants it  a greater 
functional impact. Similarly, genes it  greater mutational tolerance ill contain a larger 
proportion of missense t an synonymous variants, since t e presence of t e former does not 
affect gene functionality and t erefore negative selection does not occur. ile no ledge of 
mutational tolerance is ig ly valuable for variant prioriti ation, it s ould be borne in mind t at 
gene si e affects t e probability of randomly detecting a rare variant. us, alt oug  t o genes 
may be e ually tolerant of mutations, t ere ill be a greater probability of encountering rare 
missense variants in t e larger gene. erefore, to analy e variants in eac  gene e must ta e 
into account t e probability of detecting rare variants in t e gene in uestion (based on t eir 
fre uency in a control population) as ell as t e gene s tolerance to t e presence of missense 
variants. Conservation of t e nucleotide in ic  t e variant is found is, in turn, of vital 
importance in determining its possible pat ogenicity. e presence of missense variants located 
in very poorly conserved regions of genes s ould be interpreted it  caution, as it is possible 
t at t eir presence as no pat ogenic conse uences. Conversely, variants t at t eoretically ave 
no deleterious effects (e g  synonymous variants) but are located in ig ly conserved regions 
s ould be studied in greater detail, as t ey may impair correct e pression of t e gene. not er 
important factor en prioriti ing t e variants detected is t e mutational arc itecture of t e 
gene in ic  t ey are found. ot all genes are e ually sensitive to all types of mutations. 
Certain genes (e g   ) can tolerate multiple rare missense variants, but undergo 
alterations in functionality in t e presence of only one or t o truncation (frames ift, nonsense) 
variants. In ot er genes (e g  ) truncation variants are not especially deleterious, yet t e 
presence of a t eoretically less armful variant (e g  a missense variant) can give rise to a very 
severe p enotype. In some genes (e g  ) different types of variants can produce different 
p enotypes, ranging from mild to severe. erefore, in-dept  no ledge of t e genes being 







analy ed, t eir tolerance to different types of variants, and t e relations ip bet een t e genomic 
position of variants and t e different resulting p enotypes is crucial en prioriti ing and 
interpreting t e results obtained from S assays. fter prioriti ation of t e variants t at are 
most li ely implicated in t e patient s p enotype, it is necessary to determine et er t ey are 
in erited or ave arisen de novo (in t e case of dominant or -lin ed in eritance genes). e 
novo variants ave not been sub ect to negative selection, and are t e most li ely to contribute 
to t e patient s p enotype, particularly dominantly in erited genes. erefore, a family study 
of t e prioriti ed variants (analysis of t e parents and, ere possible, t e siblings of t e inde  
case) is essential for correct interpretation of t e results obtained. In cases in ic  t ere is a 
previous family medical istory it is essential to evaluate cosegregation of t e variant it  t e 
p enotype under study. 
argeted S enables t e detection of C s, in addition to S s and I ELs. ile 
S s and I ELs are relatively easy to detect (especially S s), C  detection is more 
comple . Multiple tools ave been developed to detect t is type of variant. Most are S-
based. ose specially designed to or  it  targeted S data typically compare coverage 
patterns bet een samples to detect areas in ic  genetic material as been lost or gained. e 
main difference bet een t e various met ods lies in t e met odology used to ma e t ese 
comparisons, and t e process used to filter t e results and rule out false positives. Conse uently, 
not all C  detection tools are e ually sensitive for all variant types. Some detect deletions 
better t an duplications, ile ot ers are more sensitive to larger variants (in terms of t e 
number of e ons covered and t e number of base pairs). It is essential to identify t e strengt s 
and ea nesses of eac  tool in order to select t e most appropriate tool for t e specific analysis 
to be performed. btaining a sufficient number of samples it  clearly identified C s in 
order to test a given tool poses a significant c allenge. In our article ree access copy number 
variant detection tools for targeted ne t generation se uencing data (3.2) e presented a 
met odology for t e generation of simulated C -containing samples, ic  e t en used to 
evaluate t e most commonly used C  detection tools.  notable problem t at arises en 
attempting to detect variants by comparing coverage patterns is t e presence of biases in 
coverage patterns (e g  biases generated by C content, t e presence of repetitive se uences, 
or t e type of se uencer used). It is t erefore important to c oose a simulator t at can reproduce 
t is variability. o ever, it is impossible to fully reproduce t e comple ity of real samples, 
and t erefore results obtained it  artificial samples s ould be considered a best-case scenario 
(C  detection met ods ill generally produce poorer results it  real samples t an it  
simulated samples). is does not mean t at t e results obtained it  artificial samples cannot 
be e trapolated. ese data can be used to deduce general trends. If a tool detects deletions 
muc  better t an duplications, or as problems detecting small C s, t e same effect can be 
e pected it  real samples. at cannot be assumed is t at t e sensitivity and specificity are 
comparable in bot  scenarios. ased on t e results obtained it  t e simulated samples t at e 
generated, e can reac  several global conclusions. First, t e best results are obtained it  
greater mean dept -of-coverage. is is unsurprising: t e lo er t e coverage t e greater t e 
li eli ood t at t e area containing t e C  is poorly covered (increasing t e li eli ood of false 
negatives). Poorly covered areas can also produce false positives. Second, in general C s t at 
are larger (in terms of e on number) are easier to detect t an smaller C s. is may be due 
to t e fact t at t e lo er t e number of e ons contained in a C , t e greater t e li eli ood 
t at t ey ill not be detected due to bac ground noise and ig  variability, among ot er factors. 
not er potential e planation is t at most tools prioriti e larger C s to reduce t e li eli ood 
of false positives, most of ic  are single-e on variants. not er conclusion e can dra  
from t ese comparisons is t at most tools detect deletions better t an duplications. ecause 
E E L ISC SSI  
 
7 
C  detection is based on differences in coverage it is unsurprising t at duplications ( ic  
generally consist of 3 instead of 2 copies, resulting in a ratio bet een t e duplicated area and 
t e normal of around 1.5) are more difficult to detect t an deletions (in ic  t ere is 1 copy 
instead of 2, and t us t e ratio bet een deleted and normal one is 0.5), as t e differences are 
more subtle. Finally, t e presence of more t an one C  in t e same sample (duplications 
and/or deletions in different genes) as varying effects depending on t e tool used: in general 
compound  C s (multiple C s in t e same sample) are easier (or e ually easy) to detect 
t an simple  C s (one C  per sample). It s ould be noted t at combinations of several 
factors can bias t e results obtained. ot  compound and simple C s can include small-and 
large-si ed C s, duplications, and deletions, and t erefore t e results obtained may be 
influenced by parameters ot er t an C  type (compound or simple). ecause none of t e 
tools analy ed can detect all t e variants in t e simulated samples, and in order to increase 
detection sensitivity, e combined several tools in an attempt to reduce t e number of false 
negatives obtained. o t is end, e considered a region to be positive if it as detected by at 
least t ree distinct tools. e results obtained ere not very encouraging: e found t at to 
ac ieve ma imum sensitivity it as necessary to combine at least  different tools, significantly 
increasing t e computational cost of t e analysis. 
o address t e multiple s ortcomings of e isting tools for C  detection (difficulty 
detecting small C s and duplications, ig  numbers of false positives, etc.), e ave 
developed a program for C  detection based on t e comparison of coverage patterns bet een 
samples. is tool is described in t e article att ec  n easy to use  detection tool 
optimi ed for targeted  assays ith diagnostic purposes (3.3). Patt ec is specifically 
designed to analy e data obtained from gene panel se uencing, and its main ob ective is to 
detect C s t at ave eit er arisen de novo or ave lo  fre uencies in t e population. Patt ec 
offers several advantages over e isting tools: it is not necessary to separate samples from female 
and male patients en analy ing genes located on t e  c romosome (due to t e normali ation 
process used)  users can opt to e clude from t e analysis regions containing no n 
polymorp ic C s  t e program generates a database in ic  t e results of t e different 
analyses performed are stored (allo ing rapid identification of regions t at contain large 
numbers of positives and are t erefore li ely regions it  ig  variability, as ell as 
polymorp ic C s in t e population)  t e false positive rate is reduced by performing t e same 
analysis on several copies of t e test and control samples at slig tly less t an mean coverage 
(alt oug  t is considerably increases t e computational time)  t e default output file is in ls  
format it  a color code to facilitate interpretation (alt oug  users can c oose plain te t files 
if t ey is  to use t e data as input for anot er program)  and t e program features an intuitive, 
user-friendly grap ical user interface ( I), ic  allo s pre-analysis ad ustment of various 
parameters (e g  minimum coverage re uired for control samples in eac  region, percentage 
re uired to define a duplication or a deletion). o compare t e performance of Patt ec it  
e isting tools e analy ed samples from public repositories (t e 1000 enomes pro ect) as ell 
as t ose provided by ot er laboratories in ic  C s ad been identified using ot er met ods. 
Patt ec s o ed slig tly greater sensitivity t an ot er tools, and more effectively detected small 
(single-e on) C s. In analyses run using publicly available samples, all t e tools performed 
poorly. is is because t e internal  samples and t eir respective controls ere se uenced in 
t e best possible conditions to reduce inter-sample variability (i e  ere processed at t e same 
time, in t e same laboratory, using t e same se uencing it), ic  is not possible in t e case 
of samples from public repositories. is ig lig ts t e importance of minimi ing factors t at 
can generate bias and variability bet een samples, since all C  detection programs based on 
t e comparison of coverage patterns re uire a ig  degree of similarity bet een samples in 







order to produce optimal results. lt oug  t e results obtained in analyses of samples 
se uenced under optimal conditions are very promising, t e results s ould al ays be 
corroborated using ort ogonal met ods (e g  PC ), since false positives due to intrinsic 
se uencing-related issues cannot be ruled out, especially in cases of single-e on C s. e 
greatest limitation of t e Patt ec met od is t at it as not created for use it  large gene panels, 
and t erefore it cannot be recommended for use it  ES data. ecause t e main ob ective 
en creating t e program as to ac ieve t e ig est sensitivity possible (especially for small 
C s, even single-e on variants), its application to ES data results in many false positives, 
since ES does not offer t e same degree of stability (in terms of coverage patterns) as gene 
panels. 
In summary, t e goal of eac  of t e t ree articles presented ere as to optimi e t e 
diagnosis of rare diseases t roug  t e use of targeted se uencing data, providing a global 




 CONC SIONS AND T RE RESEARC  
 
 CONC SIONS 
is t esis presents a global met odology for t e analysis of S data to facilitate diagnosis 
of rare diseases. iven t at gene panels are t e most commonly used analytical approac  for 
diagnostic studies of rare diseases, t e main ob ective as to optimi e t e identification and 
filtering of all variants t at can be identified using t is type of se uencing. ecause t ere are 
already a variety of tools designed for t e detection of S s and I ELs t at produce good 
results, e c ose to or  it  e isting tools and focused on optimi ing t e filtering process, in 
terms of bot  t e variant and t e gene in ic  it is located. Currently available tools for t e 
detection of t e ot er variant type found in t ese analyses, C s, are less ell optimi ed for 
targeted S data. ese tools are relatively ne  and, as discussed above, ave various 
s ortcomings t at ma e t em inappropriate for use in clinical diagnosis. o address t is need, 
e ave created a specific tool for t e detection of C s in t e conte t of gene panel analysis. 
is tool offers greater sensitivity, especially for t e detection of small C s, ic  are more 
li ely implicated in t e development of rare diseases. 
 
 T RE RESEARC  
e main dra bac  of t e met odology presented ere is t e applicability to clinical practice 
of t e results obtained. ecause gene panels are t e most commonly used analytical tool for t e 
study of rare diseases, t e results presented ere focus on variants t at can be detected using 
gene panels. o ever, ES is increasingly used in routine practice in centers t at study t ese 
types of diseases, and alt oug  far from idespread a gro ing number of centers perform 
S, ic  allo s t e identification of variants not detectable using ot er types of analysis. 
e follo ing are t e ne t steps re uired to optimi e t e genetic diagnosis of rare diseases: 
 
1. Identification of non-Mendelian (oligogenic) in eritance  
lt oug  t is is t eoretically possible using gene panel analysis, e believe t at for correct 
identification of t ese genes it is essential to or  it  data produced by ES (or ideally 
S). is ould enable analysis of t e possible roles in rare diseases of all genes, not ust 
t ose previously lin ed to a disease in t e literature. ecause very large sample si es are 
re uired to perform t is type of study t e diseases t at can be studied are limited. e first 
ob ective is t e study of epilepsy, for ic  large sample si es can be attained relatively easily. 
Moreover, evidence suggests a digenic or oligogenic origin for many forms of epilepsy 
( empelmann et al. 200  Marini et al. 2004). 
 
2. ole of mosaicism in t e development of rare diseases 
e studies presented ere do not address t e analysis of mosaic variants, o ing to t e 
difficulty detecting and subse uently confirming t e presence of t ese variants. e presence 
of mosaic variants as been lin ed to several rare diseases in recent studies. Stosser et al. 
detected mosaic pat ogenic variants it  a fre uency of 3.5  in  epilepsy-associated genes 
(Stosser et al. 201 ). In t eir study, Cao and co or ers estimated t at 1.5  of diagnoses 
establis ed for appro imately 12,000 samples could be attributed to mosaic variants (Cao et al. 







201 ). Confirmation of t e presence of t ese variants re uires analysis of affected tissue. 
erefore, one of our future ob ectives is to optimi e detection of t is type of variant and to 
perform t e necessary analyses only in cases of patients in ic  t e presence of mosaic 
variants is strongly suspected. 
 
3. earrangement variants and variants located in noncoding areas of t e genome. 
Many variants are only detectable by S analysis (noncoding regulatory variants and 
rearrangement variants). e t o main problems it  t e application of S to clinical 
practice are its cost and difficulties associated it  data analysis. e gro ing number of 
laboratories and companies employing t is tec ni ue, toget er it  t e gradually decreasing 
cost of analysis, leaves no doubt t at its use ill be idespread in t e not too distant future. It 
is t erefore important to optimi e t e analysis of data produced using t is met odology to 
enable simultaneous identification of S s, I ELs, C s, and rearrangement variants. 
Studies of neurodevelopmental disorders (Soden et al. 2014), or in early infantile epileptic 
encep alopat y ( strander et al. 201 ) , among ot er diseases, ave already reported increases 
in t e percentage of cases diagnosed t roug  t e use of S. o ever, t is increase in 
diagnostic rate is limited by difficulties in determining t e pat ogenicity of rearrangement and 
intronic variants ( lfares et al. 201 ). It is t erefore essential t at e broaden our no ledge 
t roug  t e study of t ese variants. is ill re uire t e analysis of as many patients as possible, 
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legais aplicables, e en particular a Lei 14/2007, de investigación biomédica, o Real 
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autorización e funcionamento dos biobancos con fins de investigación biomédica e do 
tratamento das mostras biolóxicas de orixe humana, e se regula o funcionamento e 
organización do Rexistro Nacional de Biobancos para investigación biomédica, a ORDE 
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Posautorización de Tipo Observacional para medicamentos de uso humano, e o RD 
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